Social media check-in services have enabled people to share their activity-related choices, providing a new source of human activity and social networks data. Geolocation data from these services offer us information, in new ways, to understand social influence on individual choices. In this paper, we investigate the extent of social influence on individual activity and lifestyle choices from social media check-in data. We first collect user check-ins and their social network information by linking two social media systems (Twitter and Foursquare) and analyze the structure of the underlying social network. We next infer user check-in and geo lifestyle patterns using topic models. We analyze the correlation between the social relationships and individual-level patterns. We investigate whether or not two individuals have similar activity choice and geo lifestyle patterns, if they are socially connected. We find that the similarity between two users, in their check-in behavior and lifestyle patterns, increases with the increase of the friendship probability.
INTRODUCTION
Smartphone-based social media applications have recently introduced a new service, known as check-in services, which allow people to share their activity-related choices in their online social networks, such as Facebook Places, Foursquare, Twitter, etc. These check-in services record an unprecedented amount of user-generated data of where and when an individual participates in an activity. This vast amount of geolocation data offer us, in new ways, people's preferences and interests through their activity location choices for a large number of users over multiple months/years unimaginable before. In addition to location and timing information, these data reveal an individual's social connections and their influence on his/her activity and lifestyle choices. From this new information, we can understand human mobility and activity behavior in a better way. As such, there are many opportunities to gain fundamental knowledge about user behavior analyzing these data at various levels of spatiotemporal resolution. Researchers are realizing the potential to harness the rich information provided by the location-based data, which have already enabled many novel applications, such as recommendation system for physical locations (or activity) (Zheng et al., 2010; Chang and Sun, 2011; Bao et al., 2012) , recommending potential customers or friend (Zheng, 2011; Saez-Trumper et al., 2012) , determining popular travel routes in a city (Wei et al., 2012) , discovering mobility and activity choice behavior (Cheng et al., 2011; Noulas et al., 2012; Hasan et al., 2013; Pianese et al., 2013) , activity recognition and classification (Lian and Xie, 2011; Hasan and Ukkusuri, 2014) , estimating urban travel demand and traffic flow (Hasan, 2013; Liu et al., 2014; Wu et al., 2014) , and modeling the influence of friendship on mobility patterns (Cho et al., 2011; Wang et al., 2011) . In this paper, we analyze a dataset from a social media check-in service to understand the extent of social influence on individual activity behavior.
Characterizing social influence is pertinent and plays a vital component to analyze activity-travel behavior. The performance and efficiency of a transportation system heavily depend on its inherent dynamics. There exist complex relationships between a demand side manifested by the heterogeneity of human activity and mobility choices and a supply side manifested by the significant variations in network characteristics. A small change in travel behavior can significantly impact the performance of the underlying transportation network. Although time-space interactions and travel needs play the most important role in our activity-travel choices, social component also plays a significant role. However, because of the lack of empirical evidence, social influence is rarely considered in activity-travel behavior analysis (Bhat and Lawton, 1999) .
So far, studying the influence of social relationships on activitytravel behavior has mainly focused on modeling travels for social activities (Hackney, 2005; Miller, 2006, 2009; Arentze and Timmermans, 2008) . However, there is a broader impact of social interactions on activity-travel behavior; individual's activity-travel decisions can be influenced by his/her social network members. Such influences have not been captured in activity-travel behavior analysis before. Another important drawback of these studies that the underlying social network data have is a limited size, restricting their usefulness for large-scale applications. Using large-scale mobile phone data, a recent study (Toole et al., 2015) avoided these limitations and found that individuals' mobility patterns are more similar to their social contacts than strangers. Online social media data can also offer valuable information in this regard. Each user in social media is associated with a number of friends who help to build the overall social network. Such social network information becomes very useful to observe how an individual's activity-travel choices are influenced by his/her friends' choices.
The goal of this work is to understand the role of social relationships in activity location choices and geo lifestyle patterns using the data collected from check-in services of location-based social networks. In our previous work, we investigated how individual activity participation (Hasan and Ukkusuri, 2014) and lifestyle choices (Hasan and Ukkusuri, 2015) have structural patterns. These patterns may depend on individual choices subjected to individual needs and geographic constraints. Patterns may also be governed by social relationships as individuals are more likely to visit the places where their friends have visited in the past. From another perspective, people similar to each other in terms of their mobility and lifestyle patterns are more likely to be socially connected.
There is no general consensus on a definition of lifestyle based on individual activity participation behavior (Hasan and Ukkusuri, 2015) . It can be defined from two broader perspectives: (a) lifestyle as behavioral patterns, such as activity and time use choices and (b) lifestyle as a behavioral orientation. The first approach views lifestyle as changing as an individual adjusts to his or her surrounding contexts and constraints, while the second approach views lifestyle as an orientation, which the individual wants to maintain by changing his or her actions (Kitamura, 2009) . Previous studies found the linkages between individual lifestyle choices and activity-travel behavior including short-term choices, such as activity types, travel distances, and mode of travel (Vredin Johansson et al., 2006; Vij et al., 2011) , and more longterm choices, such as the locations of housing and workplace (Krizek and Waddell, 2002) and car types (Choo and Mokhtarian, 2004) .
In this paper, we analyze a dataset containing user checkin information given in Foursquare via Twitter. In addition, we collect their social network information from Foursquare using a snowball sampling method (Frank, 1979) . After collecting the data on social relationships of the users, we analyze the structure of the underlying social network. We infer activity location choices and geo lifestyle patterns (Hasan and Ukkusuri, 2015) of the users whose social network information is available. We then analyze the correlation between the social relationships and individuallevel patterns. We investigate whether or not two individuals have similar activity choice and geo lifestyle patterns if they are socially connected.
Measuring the correlation between the social connections and mobility and activity patterns can provide an important piece of information to activity-travel analysis. Such information regarding the social influence on individual activity behavior will help us to develop a more realistic activity-travel simulation model. In this paper, we investigate the extent of similarity among individual activity decisions with respect to the level of social relationships. We focus on the non-recurrent travel decisions, such as location choice for discretionary activities. This is possible as the social media check-in data have an underlying social network by which we can learn about an individual's friends and their activity location choices. We investigate whether or not an individual's decisions are correlated with his or her peer's decisions. If social influence is present, then an individual's activity location choices will be correlated with his friends' choices as well. This paper has the following contributions:
• We collect the social network information of the individuals whose check-in observations are available by linking users from two different social media systems (Twitter and Foursquare).
• We analyze the structure of a large-scale location-based social network and determine its structural properties.
• We investigate if social relationships influence individual activity location choices and geo lifestyle patterns.
DATA COLLECTION

Collecting Check-in Data
We use check-in information posted via Twitter, which allows its users to post their statuses from third-party check-in services (e.g., Foursquare). When Foursquare users check-in to a place, this status can be posted to their Twitter pages. We use a large-scale check-in dataset available from Cheng et al. (2011) .
The dataset contains check-ins from February 25, 2010 to January 20, 2011. After collecting the tweets, we preprocess the data, where each data point is stored as a tuple with the following information: tweet(tweetID) = {userID, screen name, tweetID, date, location, text}. An example of a tweet with a check-in looks like (we replace the tweetID, userID, screen name, and check-in ID with # so that the user cannot be identified): tweet(#) = {#, #, #, Fri Jun 10 10:27:34 + 0000 2011, 40.7529422,-73.9780177, "I'm at Central Cafe & Deli (16 Vanderbilt Ave., New York) http://4sq.com/#''}.
After collecting the original dataset, we select a subset of all the observations within New York City. We create a boundary region for New York City and keep all the check-in observations within that region (number of users = 20,606). Descriptive statistics on the number of check-in activities include average = 33.03; min = 1; max = 1010; and SD = 77.82. Figure 1 shows the cumulative distribution of the check-in activities. We identify the geoactive users having more than 50 check-ins. Basic information about the dataset collected in this step are given in Table 1 .
Collecting the Social Network Information from Check-in Data
Collecting the social network and check-in information is a challenging task, as we need to ask queries about the same set of individuals in two different social media systems, Twitter and Foursquare. Users originally post their check-ins in Foursquare, which does not allow anyone to collect user private check-ins for protecting user privacy. So we collected the Foursquare checkins from Twitter, which allows others to collect user tweets/posts. Since the check-ins are originally posted in Foursquare, it is reasonable to collect their social network information from Foursquare. For all the users, we collected their social connections from Foursquare. However, many users that we find based on their connections in Foursquare either do not use Twitter or do not share their check-ins in Twitter. Therefore, it is not possible for us to know the complete network of the Foursquare users and their check-ins at the same time. Instead, we have a sparse sample of check-ins and a social network with a reasonable size (in the order of 100,000).
In this study, we use a snowball sampling method (Frank, 1979) to collect the social network information. We select a random sample of 600 users from the geo-active users (see Table 1 ). From these initial frequent users, we collect their friend lists available through an open API in Foursquare. At the end of this step, analyzing their friend lists, we find a set of unique users. Similar to the previous step, friend lists of these new users are collected using Foursquare API. At the end of step two, 2,544,574 unique Foursquare users having 11,966,066 edges among themselves are found.
We restrict our analysis to only the users from New York City. At first, a list of users is created using a query selecting all the users who declare their home city as "New York, " "NYC, " "New York City, " or "New York, NY. " Total number of users found through this step is 553,976, and the number of directed edges is 1,663,531. At this stage, we collect the check-ins from Twitter for the users who linked their Foursquare account with Twitter. However, we find many users with their Foursquare accounts not linked to Twitter, and hence no check-in information is available for them. Table 2 gives the details of the social network data collected. Even though we collect many users' check-ins, these check-ins are not useful as the check-ins of the friends of the users are not available. The distribution for the number of friends with checkin information available is shown in Figure 2 . Notice that, most of the users have less than five friends whose check-in information is available. Our similarity analysis is based on this sparse check-in data from 2279 users.
ANALYSIS OF THE LOCATION-BASED SOCIAL NETWORK
Global Structure
In this section, we present a large-scale location-based social network of Foursquare users. Our goal here is to see the global structure of the social network involved. Figure 3 shows the network having many clusters or communities with few distinct hierarchical levels. One plausible explanation of these clusters might be the way we collect the sample of the network. The snowball sampling method, used to collect the social network information, had three steps. In each step, we collected the friends of the new users obtained in the previous step. These three levels of collections are clear in the Figure of the network. The three communities at the center have the most dense connections within themselves; most of the initial 600 users may belong to one of these three communities. The number of communities increases as we move away from the center of the circle.
Degree Distribution
An important quantity that is measured in almost all of the empirical studies related to networks is the degree distribution, p k . The degree of a user in a network is represented by the number of friends the user has, and p k is the fraction of the users in the network having exactly k friends. The degree distribution of the social network of the collected Foursquare users is plotted in Figure 4 . There is a clear cutoff value in the distribution at 1000, which is the limit for the number of friends provided by Foursquare API. The figure clearly shows that very few users have friends close to 1000. Figure 4A presents the degree distribution in linear scale. Most of the users have friends less than 100. This is an interesting trait of location-based social networks in contrast to other social networks, such as the network of Facebook users. In Facebook, most users have less than 200 friends, which is twice than what Foursquare users have (Ugander et al., 2011) . This reflects the sparsity of social relationships among Foursquare users. In the literature, many networks have been found to have power-law degree distributions (Barabási and Albert, 1999; Clauset et al., 2009) . However, such a degree distribution is not found in our case. Instead, we find that a log-normal distribution fits the data quite well.
The distribution is also plotted in log-linear scale, as shown in Figure 4B . When plotted in the log-linear scale, the distribution shows a smooth straight line relationship up to 400 friends. After 400, the figure shows larger variance in p k . This figure also shows that p k decreases with the increase of k, reflecting that Foursquare users have greater number of friends with diminishing probability.
METHODOLOGY
To measure the social influence, we first compute the related distributions for each user. We select two types of distributions here: (1) check-in distributions in different neighborhoods and (2) lifestyle pattern distributions. We use check-in distributions to see how users are similar in terms of going to different neighborhoods. To compute the distribution, for each user, we count the number of check-ins by the user to the 195 neighborhoods in New York City. Thus, each user has a vector of 195 items. To compute the distribution of lifestyle patterns, we infer individual geo lifestyle patterns by using a topic model [for a detailed description of the model, see Hasan and Ukkusuri (2015) ]. The model assumes that each user's lifestyle is a distribution of patterns where each pattern is a distribution of location contexts. A graphical representation of the model is shown in Figure 5 . The probabilistic generative process for the model is summarized as following:
Given U users' location contexts, K lifestyle patterns over C unique location contexts, the objectives of the inference of lifestyle pattern extraction are to:
1. find the probability of a location context c given each pattern k, P(c|z = k) = ϕ c k , where P(c|z = k) is represented with K multinomial distributions ϕ over location contexts of size C. 2. find the probability of a pattern k for a location context in the location visits of user u, P(z = k|u) = θ k u . Here, P(z|u) is represented with U multinomial distributions θ over K lifestyle patterns.
The above model views a lifestyle pattern as a probability distribution over location contexts and user lifestyle as a mixture of these patterns. Intuitively, P(c|z) determines the importance of a location context to a pattern, and P(z|u) determines the prevalence of the patterns in user u's location choices.
To compute the distribution of lifestyle patterns, we estimate a topic model for 50 patterns and use the pattern proportions [P(z|u)] found. Thus, from the estimated parameters, each user has a discrete distribution of 50 patterns. This distribution is used to measure the similarity among user lifestyle choices.
To measure the similarity between two users we use two metrics: (1) cosine similarity and (2) Jensen-Shannon divergence. The first one represents a geometric distance between two vectors where the distributions can be considered as vectors. The distribution may represent any characteristic of the user. For instance, one possible characteristic can be the distribution of the geo lifestyle patterns of the user.
Let P and Q be two probability distributions. Considering these distributions as vectors, the cosine similarity can be defined as:
The second metric, Jensen-Shannon (JS) divergence, measures the distance between two probability distributions directly. The more similar two persons are in terms of their geo lifestyle patterns or mobility behavior, the less their Jensen-Shannon divergence will be. The JS divergence, between two probability distributions P and Q, can be defined as: Figure 6 shows the results for the influence of social relationships on check-in behavior. Figure 6A shows that the check-in similarity between two users increases with the increase of the friendship probability. The procedure to compute friendship probability for a specific similarity value is as following:
SOCIAL RELATIONSHIPS AND CHECK-IN SIMILARITY
Using Cosine Similarity Metric
• compute the similarities between all the possible pairs • for a specific range of similarity values, count how many of the users are actually connected in the social network and
• divide the above number by the total number of users within the similarity range, and find the friendship probability value.
Although we find an intuitive relationship between friendship probability and check-in similarity, our friendship probabilities are very small. This is due to the sparsity of the sampled network as we do not observe the check-ins of all the friends of a user. When we consider only those having at least one friend, the curve shifts upward, indicating a more pronounced effect of friendship on check-in similarity. Figure 6B shows the distributions for the cosine similarity for the isolated users and the users who have at least one friend in the data. For the isolated users, there is a high number of users having very low similarity among their check-ins, and the probability to have higher cosine similarity decreases monotonically. For the users having at least one friend in the data, the probability to have low cosine similarity is much less compared to the isolated users. The two curves cross at similarity value close to 0.32. After here, for the users having at least one friend in the data, the probability of a particular similarity value is higher than that for the isolated users. This confirms the positive role of friendship in check-in similarity.
Using Jensen-Shannon Divergence Metric
To confirm that the relationship between friendship and check-in similarity is not an artifact of our chosen metric, we analyze the similarity with another measure called Jensen-Shannon divergence. Figure 7 shows the results for the influence of social relationships on check-in similarity using Jensen-Shannon divergence. Figure 7A shows that divergence between any two users decreases with the increase of the friendship probability between them. This means that users who are friend to each other have less different check-in behavior. When only the users with at least one friend are considered, the curve shifts upward, reflecting the effect of friendship on check-in similarity. Figure 7B shows the distributions of the Jensen-Shannon divergence for the isolated users and the users having at least a friend in the data. Similar to the distribution of cosine similarity metrics, for the isolated users, there is a high number of users having very high Jensen-Shannon (JS) divergence. For these users with high JS divergence, the extent of similarity to each other in terms of their check-in behavior is very low. The probability to have lower JS divergence decreases monotonically. For the users having at least one friend in the data, the probability to have high JS divergence is much less compared to the isolated users. The two curves cross at JS value near 0.4. Below this value of JS divergence, for the users having at least one friend in the data, the probability of a particular JS divergence is higher than that for the isolated users. This means that the users having friends in the data have higher likelihood of a low JS divergence (i.e., high similarity) than isolated users. Similar to the conclusion for cosine similarity metric, the distributions of JS divergence also confirm the positive role of friendship in check-in similarity. Figure 8 shows the results for the influence of social relationships on lifestyle similarity. Figure 8A shows that the similarity between any two users with respect to their lifestyle patterns increases with the increase of friendship probability. When we consider only the users with at least one friend in the data, the curve shifts upward. The data from the isolated users increase the number of users without any friend; therefore, when these isolated users are included in the analysis, friendship probabilities are reduced for a given similarity value. Thus, when isolated users are ignored, we observe a more pronounced effect of friendship on lifestyle similarity. This clearly shows the effects of lifestyle similarity due to social relationships. Figure 8B shows the distributions of the cosine similarity for lifestyle patterns for the isolated users and the users having at least a friend in the data. Both the curves show that there is very low probability to have no lifestyle similarity. For the isolated users, there is a high number of users having similarity value close to 0.2; for them, the probability to have cosine similarity higher than 0.2 decreases monotonically. For the users having at least one friend in the data, the probability to have cosine similarity close to 0.2 is low compared to the isolated users. The two curves cross at similarity value close to 0.45. After here, for the users having at least one friend in the data, the probability of a particular similarity value is higher than that for the isolated users. Similar to the results from check-in similarity, this confirms the positive role of friendship in lifestyle similarity. Figure 9 shows the results for the influence of social relationships on lifestyle similarity based on Jensen-Shannon divergence. However, unlike the previous cases, we find here that Jensen-Shannon divergence can not capture the role of social influence very clearly. For a range of friendship probabilities, the divergence values do not change very significantly. Figure 9A shows the distributions of the Jensen-Shannon divergence for lifestyle patterns for the isolated users and the users having at least a friend in the data. Unlike the previous results related to check-in similarity, the effects of social relationships are not very prominent. For the distribution of the JS divergence, the bias due to friendship is very small. The two distributions look almost similar.
SOCIAL RELATIONSHIPS AND LIFESTYLE SIMILARITY
Using Cosine Similarity Metric
Using Jensen-Shannon Divergence Metric
CONCLUSION
In this paper, we measure the influence of social relationships on user check-in behavior and lifestyle choices. We also find the properties of the location-based social network involved in the analysis. The location-based social network of Foursquare users has many communities. Most of the users in the network have friends less than 100, reflecting the sparsity of connections among the users of location-based services. Unlike many other empirical studies on networks, a power-law degree distribution is not found for the location-based social network.
The analysis has found relationships between friendship probabilities and check-in similarities and confirms the influence of social relationships on activity location and lifestyle choices. We find that the similarity between two users, in terms of checkin behavior and lifestyle patterns, increases with the increase of the friendship probability. The distributions of the cosine similarity metrics and Jensen-Shannon divergences also show the effects of social relationships in check-in behavior and lifestyle choices.
Activity-travel behavior modeling can utilize the measured correlation between the social connections and mobility and activity patterns. Characterizing the social influence on individual activity choices will help us to develop a more realistic activity-travel behavior model. Thus, we expect that our analysis will contribute toward creating a future mobility model, considering the social connections among the users.
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